Three-dimensional organization Collagen fiber Neuronal axon Cancer Traumatic brain injury Multi-photon microscopy a b s t r a c t Fiber-like structures are prevalent in biological tissues, yet quantitative approaches to assess their threedimensional (3D) organization are lacking. We develop 3D directional variance, as a quantitative biomarker of truly 3D fibrillar organization by extending the directional statistics formalism developed for describing circular data distributions (i.e. when 0 and 360 are equivalent) to axial ones (i.e. when 0 and 180 are equivalent). Significant advantages of this analysis include its time efficiency, sensitivity and ability to provide quantitative readouts of organization over different size scales of a given data set. We establish a broad range of applications for this method by characterizing collagen fibers, neuronal axons and fibroblasts in the context of cancer diagnostics, traumatic brain injury and cell-matrix interactions in developing engineered tissues. This method opens possibilities for unraveling in a sensitive, and quantitative manner the organization of essential fiber-like structures in tissues and ultimately its impact on tissue function.
Advances in high resolution optical imaging have enabled assessments of the structure of essential tissue components with micron scale resolution and are expected to contribute significantly towards our understanding of structure-function relationships that ultimately define cell-matrix interactions [1e4] . Disruption of cellmatrix interactions is associated with a wide range of diseases such as cancer, fibrosis, and neurodegenerative diseases [5e7]. Modified interactions have major effects upon key functional cellular features including gene regulation, cytoskeletal structure, differentiation, and cell growth control [8e10], as well as upon the matrix biophysical and biochemical properties, including collagen fiber organization and mechanical properties [11] . Thus, improved characterization of these structure-function connections may have important implications for our understanding of tissue growth, development, wound healing and disease progression.
Confocal and multi-photon microscopy, especially second harmonic generation (SHG) and two-photon excited fluorescence (TPEF) [12, 13] , provide the necessary axial resolution to capture fine structures within cells and the ECM in a 3D context. However, even as high-resolution 3D images of fiber-like tissue structures become more readily accessible, quantitative analysis algorithms for their orientation and organization have largely remained limited to analysis of 2D images [14e21], with only a few notable exceptions [22e25]. Schriefl et al. used polarized microscopy to determine the fiber orientation relying on the birefringence of collagen fibers, by sequentially rotating the sample slide in the azimuthal and the elevation plane to find the two Euler angles to depict an orientation in 3D space. This method eliminates the need for 3D imaging, which can be time consuming; however, it is limited to thin specimens (less than 10 mm), it requires picrosirius staining for enhancement of birefringence, and it doesn't work well for wavy fibers [22] . Lau et al. acquired 3D SHG image stacks and used Fourier transform based approaches to quantify 3D orientation of collagen fibers at discrete regions of interest (ROIs). The overall orientation of collagen fibers within each ROI is determined by the filter bank method. The filter bank consists of various 3D orientation filters constructed in the Fourier space, and the filter orientation that corresponds to the maximum likelihood to the Fourier transform of each ROI is designated as the fiber orientation. However, the ROI size is a tradeoff between determination accuracy and computational time [23] . Further approaches, including inertia moments [24] and diffusion tensor imaging (DTI) in combination with two-photon microscopy [25] , may be restricted by the characteristics of fibers (e.g., shape, cross section or thickness) or tissues (e.g., heterogeneity). Generally, these methods have been often limited by their computational expense or their inability to provide organization readouts at the microenvironment scale. Recently, we developed a 3D weighted vector summation algorithm, which provides voxel-wise orientation information with high accuracy that is not limited by the waviness or thickness of the fibers, and offers a number of computational time and sensitivity advantages over previous methods [26] .
Here, we develop a metric, 3D directional variance, as a quantitative biomarker of truly 3D organization of fiber-like structures, based on this voxel-wise orientation algorithm. Analogous to variance in linear data which measures how far a set of numbers is spread out, directional variance extends this measure to a set of orientations d in this case, in a 3D context. A lower directional variance value reveals more highly aligned fibers, while a higher one corresponds to more random fiber alignment. In this study, we develop the formalism for extracting the 3D directional variance of fiber-like structures within 3D image stacks, and then apply this metric to the organization characterization of several such structures, including collagen fibers, neuronal axons, and fibroblasts, present within 3D multi-photon image data sets of different tissue systems. By using these tissue systems, we illustrate the capability of this approach to characterize 3D fiber-like structure organization in heterogeneous samples (cartilage) or as a detailed function of distance from a certain point of interest (traumatic brain injury model). In addition, we show that the choice of window over which 3D organization is assessed may be critical in some cases for identifying changes (human peritoneal metastasis model) and not in others (mouse breast cancer model) depending on the size and the tissue-level organization of the fibers. Finally, this approach is well-suited to assess alignment of multiple types of fiber-like structures within the same specimen, as exemplified by the lung engineered tissue model. Together these applications reveal a broad potential of this newly-developed metric for biomedical uses.
Materials and methods

3D directional variance formalism to quantify fibrillar organization
The development of 3D directional variance relies on concepts from directional statistics [27] . Directional variance for circular data (for which orientations of 0 and 360 are equivalent), V 3D , is defined as [27] :
where
3D 2Þ
1=2 , and C c 3D ¼ ð1=nÞ
P n j¼1 cos 4 j . The superscript c refers to the circular data, and n is the total number of voxels that contribute to the determination of the directional variance. q and 4 are the azimuthal and polar angles used to depict an orientation in 3D space, respectively (Fig. 1a) . The azimuthal angle q is determined by projecting fibers to a fixed 2D plane, i.e., the xy plane (Fig. 1a) . However, according to the definition of the polar angle, 4, there is no fixed 2D plane onto which fibers could be projected for the determination of all possible 4 orientations. To address this problem, we consider additional angles b and g (Fig. 1a) , which are azimuthal angles, like q, and related to 4 by Ref. [26] :
The determination of b and g can be achieved using the same approach as that for q. After projecting fibers to a fixed 2D plane, the orientation is determined from the weighted vector summation algorithm we described recently [18, 26] . Briefly, to acquire the q orientation of the center voxel of a n Â n Â n voxel cube window, we first average the cube along the z direction to project the cube window to a square window (n Â n pixels), and then calculate the orientation of the center pixel of the square, based on the basic premise shown in Fig. 1b and c. First, we define the vectors passing through the center pixel (marked in purple) of the window size of choice (11 Â 11 pixels in this case). Then these vectors are weighted by their length and intensity fluctuations along their direction [26] , as shown in Fig. 1b . The orientation of the center pixel is defined as the summation of all these weighted vectors and shown in Fig. 1c , which corresponds well to the direction of fiber alignment. The determination of angles b and g is achieved by averaging the cube along the other two directions, followed by the identical weighted vector summation algorithm.
Once we acquire the values of q and 4 for each voxel of a 3D stack containing fiber-like structures, whose orientations are equivalent for 0 and 180 , we need to modify the definition of 3D directional variance. A general approach to transforming axial (fiber like) data to circular data is to multiply angular values by 2. This strategy is sufficient for transforming the azimuthal angle q, but not for the polar angle 4. Again, we use azimuthal angles b and g to represent the polar angle 4, and define b j ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi 1=tan 2 ð2b j Þ þ 1=tan 2 ð2g j Þ q to derive the modified components as:
Where SI ¼ ðÀ1Þ,ð4 À 90Þ=j4 À 90j when 4s90 o , and SI ¼ 1 when 4 ¼ 90 o . The superscript a refers to the axial data. Using these modified components, we acquire the modified R 3D , and finally the V 3D that is suitable to quantify the organization of 3D fiber-like structures. The custom code for the assessment of the 3D directional variance is written in MATLAB.
Orientation maps of two typical planes, as marked by green and blue (Fig. 1a) , are plotted in Fig. 1d and e respectively, which serve as a reference for assessing the orientation values. Throughout this study, optical sections are all along the xy plane, and 3D image stacks are then reconstructed based on these sections at different z depths. Note that a 4 of 90 corresponds to fibers that are parallel to the optical sections.
In this study, the 3D directional variance is assessed typically based on two types of analysis windows, a localized and a full image stack window. The size of the localized window is dependent on characteristics of the fibers, such as their diameter, waviness and tissue level organization. Every voxel within an image stack is assigned a directional variance value assessed based on this localized window. When applying the full image stack window, we characterize the 3D variance of all the fibers within the stack with a single value. The latter calculation is faster, but in some cases more detailed information may be needed to characterize important functional changes that may be present at smaller scales. We generate fiber stacks with the same organization level (with a 3D directional variance of~0.57), but with five different levels of fiber density, and assess the error in determining the fiber orientation angle and the percent error for assessing the 3D directional variance. We examine stacks with fiber densities of approximately 3.6, 4.3, 5.1, 5.6 and 6%, with the 6% stack having a density that is 67% higher than that of the 3.6% one, which is a significantly higher variation range than what we typically observe in the samples we examine (Supplementary Table 1 ). For each fiber density, we generate 10 fiber stacks. The percent error for the 3D directional variance estimates is calculated by: (janticipated variance -calculated variancej)/anticipated variance. We determine the mean and standard deviation for the error in our estimations of the orientation angle and the percent error of the extracted 3D directional variance at different fiber density levels.
Multi-photon microscopy
SHG and TPEF images are obtained using a Leica TCS SP2 confocal microscope equipped with a tunable (710e920 nm) titanium-sapphire laser (Mai Tai; Spectra Physics; Mountain View, CA). Three non-descanned photomultiplier tube (PMT) detectors detect light in the 460 ± 20 nm, 525 ± 25 nm or 400 ± 10 nm regions. Objectives used in this study include a water-immersion 63x objective (NA 1.2; 220 mm working distance) for articular cartilage and mammary glands, a water-immersion 25x objective (NA 0.95; 2.4 mm working distance) for pancreatic cancer and collagen hydrogels, and a dry 20x objective (NA 0.70; 590 mm working distance) for the brain-like cortical tissue. Reconstruction of 3D images is performed by ImageJ (W. Rasband, National Institute of Health, USA), and image analysis is performed by the 3D directional variance algorithm in MATLAB.
Collagen hydrogel-based tissue preparation
Normal Human Lung Fibroblasts (NHLF) are obtained from Lonza (Lonza, Walkersville, MD) and cultivated using FGM-2 BulletKit (Lonza, Walkersville, MD), containing basal media, serum, hFGF-b, insulin and GA-1000. Fibroblasts between passages 4e6 are used for all experiments. To study fibroblast alignment in attached collagen hydrogels, 6 well Flexcell Tissue Train culture plates (Flexcell, Burlington, NC) are employed. Pulmonary fibroblasts are detached from tissue culture flasks using 0.05% Trypsin-EDTA (ThermoFisher Scientific, Cambridge, MA) and trypsin neutralizing solution (Lonza, Walkersville, MD) is added following cellular detachment. Cells are then centrifuged and counted prior to collagen hydrogel preparation. To prepare 1 ml of cell laden collagen hydrogels, high concentration rat tail type-I collagen (Corning, NY) (final concentration: 1 mg/ml) is mixed with cold DMEM (final concentration: 0.5x), 1 M NaOH, 100 ml of pulmonary fibroblast cell suspension (10 million cells/ml) and cold sterile water. Tissue Train culture plates are removed from their sterile wrappers and placed on a Flexcell baseplate containing Trough Loaders. Application of pressure using a vacuum pump connected to reservoir results in deflection of the rubber membrane into a trough format. Within the trough, 200 ml of cell laden acid neutralized collagen is added and incubated inside a tissue culture incubator (37 C) to form the hydrogel construct. Following polymerization, cell laden collagen hydrogels are afloat FGM-2 media, but remain attached to anchor stems on either side of the wells in the Tissue Train culture plate.
To study dynamic changes in cellular and collagen alignment, cell laden collagen constructs are sacrificed at 4, 10, 18 and 30 h post seeding and fixed using 4% paraformaldehyde for 1 h at room temperature. Fixed constructs are stored in 1x PBS at 4 C for further analysis.
All hydrogel constructs are brought to room temperature (RT) on the day of immunostaining. Briefly, all constructs are washed three times for 20 min in PBST (1x PBS þ 0.1% Tween-20). Blocking is performed for 1e2 h at room temperature (RT) using PBST containing Normal Goat Serum (NGS; Vector Laboratories, Burlingame, CA), Bovine Serum Albumin (BSA) and 0.1% TritionX-100. Following blocking, all constructs are incubated in 1:1000 rabbit monoclonal anti-vimentin antibody (Abcam, Cambridge, MA) in PBST containing NGS and BSA for 24e48 h. Secondary DyLight 488 conjugated goat anti-rabbit IgG antibody (Vector Laboratories, Burlingame, CA) is added at 1:500 dilution to constructs to visualize vimentin binding.
Simultaneous TPEF images of fibroblasts and SHG images of collagen fibers are both acquired for 3D directional variance analysis. TPEF images are acquired with an excitation wavelength of 760 nm and recorded by the 525 nm detector, and SHG images are excited using 800 nm and recorded by the 400 nm detector. There are three samples corresponding to each time point, and six 3D image stacks of either cell or collagen per group (2 per sample) are collected for analysis.
Articular cartilage preparation
Knee joints from 18 week old Balb/C mice are harvested by severing the femur and tibia at mid bone length. The samples are equilibrated in a 30% sucrose solution for 3 days at 4 C before being embedded in optimal cutting temperature (OCT) compound. Embedded joints are cryosectioned sagittally in a Leica CM 1950 cryostat at 40 mm thickness using Cryofilm type IIC (10) (University of Connecticut Medical Center, Rowe Laboratory). A total of 3 mice (6 knees) are harvested as samples. These samples are re-hydrated for 15 min in PBS before imaging. Twelve simultaneous TPEF and SHG 3D image stacks (2 per sample) are collected for analysis. Using 800 nm as the excitation wavelength, endogenous TPEF fluorescence images are obtained with the 525 nm detector, and SHG images are detected using the 400 nm detector. All animal procedures were approved by the Tufts University Institutional Animal Care and Use Committee (IACUC).
Mammary glands preparation
Normal mammary tissues are collected from the fourth mammary gland of two non-parous 12 week old FVB/N female mice, while mammary tumors are obtained from two mice of the human in mouse model [28] . These tumors are composed of cancer cells of human origin that have stromalized with mouse ECM and cancer associated fibroblasts as well as immune cells, which are transplanted into the glands of NOD/SCID mice. These fresh tissues are embedded in OCT compound and snap frozen in a methanol bath. They are immersed in phosphate buffered saline (PBS) to remove the OCT compound before use. All animal procedures were approved by the Tufts University IACUC.
With 800 nm as the excitation wavelength, we acquire TPEF images of endogenous fluorescence using the 525 nm detector, and SHG images using the 400 nm detector. A total of 6 simultaneous TPEF and SHG 3D image stacks per group (3 stacks per tissue sample) are collected for analysis.
Parietal peritoneum and primary pancreatic neoplastic tissue preparation
Freshly excised biopsies from healthy parietal peritoneum and primary pancreatic neoplastic tissue are acquired during abdominal surgery from 3 different patients that have a suspected or confirmed diagnosis of pancreatic malignancy and undergo open operative resection or biopsy of the malignancy as part of their treatment plan. These tissues are imaged within 3 h after excision. Samples are excited with 900 nm to acquire depth-resolved TPEF and SHG 3D images. TPEF signal is detected using the 525 nm detector, whereas SHG signal is detected using the 460 nm detector. Although there is some crosstalk of fluorescence in the 460 nm channel, the SHG signal dominates in this region. Twelve simultaneous TPEF and SHG 3D images per group are acquired. Biopsy acquisition and imaging are conducted according to approved institutional review board protocols from Lahey Clinic and Tufts University.
Engineered brain-like cortical tissue preparation
Salt leached silk scaffolds are prepared and used for 3D neuronal culture as previously established [29] . Briefly, silk scaffolds are made by combining 30 ml of 6% silk solution with 60 g of 500e600 mm
NaCl particles for a period of 48 h at room temperature to allow the crosslinking of silk solution. Then, the salt is leached out for 48 h by placing the crosslinked silk in distilled water, which leaves behind a porous silk scaffold. The scaffold is then punched using disposable biopsy punches (6 mm diameter). The designed constructs are autoclaved and coated for 1 h at 37 C with 0.1 mg/ml poly-D-lysine (Sigma) solution to prepare for cell seeding. Primary rat neurons dissociated from embryonic day 18 (E18) cortices are seeded at a concentration of 1 million cells/scaffold and allowed to adhere to the pores of the scaffold overnight at 37 C. Next, collagen type I (Corning) gel is prepared as 3 mg/ml solution on ice and added at 100 ml volume per scaffold, with the constructs placed in a 96-well plate. After 30 min of gelation at 37 C, the constructs containing primary neurons and collagen gel ECM are flooded with Neurobasal media (supplemented by 2% B27, 1% GlutaMAX and 1% penicillin streptomycin) and cultured at 37 C for two weeks.
Controlled cortical impact (CCI) of the cell seeded constructs is performed at the two week time point by modifications to a custom built set up at Massachusetts General Hospital [30] . The injury is done using a 3 mm flat tip pneumatic piston that hits each construct at a velocity of 6 m/sec. The impact lasts for a duration of 100 ms, during which the piston penetrates a depth of 0.5 mm into the construct. The injured samples (n ¼ 5) are fixed 10 min postinjury and an equal number of uninjured samples are fixed as well to serve as controls.
The uninjured and injured samples fixed with 4% paraformaldehyde (Fischer Scientific) for 30 min at room temperature, are subsequently washed for 30 min with PBS three times. Immunostaining of the fixed samples is done using a previously described protocol [29] . Primary antibody against b-III tubulin (rabbit, Sigma), a neuron-specific marker is diluted by 1:500 in a blocking solution (4% goat serum, 0.2% triton-X100, 0.05% bovine serum albumin). The samples are incubated overnight at 4 C in the primary antibody solution, followed by 30 min washes with PBS for three times. Next, the secondary antibody Alexa 488 goat-anti-rabbit (Invitrogen) is added to the samples at a dilution of 1:250 in blocking solution. The samples are left to incubate for 2 h at room temperature and washed three times with PBS. A total of 20 TPEF 3D image stacks of neuron axons per group (4 stacks per sample) are acquired at an excitation wavelength of 760 nm and the 525 nm detector.
Statistical analysis
For samples with multiple groups (articular cartilage and collagen hydrogels), a one-way ANOVA with post-hoc Tukey HSD test is used to assess significant differences using JMP 12. Otherwise a two-tailed t-test is used. Results are considered significant at p < 0.05.
Results
Validation of 3D directional variance model
To test the 3D directional variance algorithm, we prepare 3 simulated fiber stacks with varying levels of alignment (see Section 2.2). The weighted vector summation algorithm is used to acquire the voxel-wise orientation of these fibers [26] , and the falsecolored orientation maps for q (top) and 4 (bottom) are shown in Fig. 1f . 3D directional variance is then acquired based on the entire image stack, considering the contributions from all the fibers, and shown on top of the orientation maps (Fig. 1f) . As expected, the 3D directional variance is~0 for the 3D image with strictly parallel fibers (left), while it is close to 1 for the one with randomly distributed fibers (right). The stack with intermediate randomness has a moderate directional variance value (middle). Note that the 3D directional variance value for the perfectly aligned fiber stack (left) is not exactly 0, which is due to the error in orientation determination produced by the weighted vector summation algorithm. These results illustrate the capability of this approach to provide a simple but highly quantitative metric of 3D organization of fiber-like structures.
In order to test the robustness of the 3D directional variance analysis with respect to changes in fiber density, we generate fiber stacks with the same organization level, but with five different levels of fiber density (see Section 2.3). The q (top) and 4 (bottom) orientation maps of representative 3D fiber stacks for the low, medium and high densities are shown in Fig. 2a , with the corresponding fiber densities, anticipated and calculated 3D directional variance values shown on top of these orientation maps. The expected directional variance is acquired from the defined orientations when generating these fiber stacks, while the calculated one is obtained using the orientations achieved by our orientation algorithm. It is interesting to note that with fiber densities varying from 3.6% to 6.0%, i.e., a variation of 66.7% in fiber density (Fig. 2b) , there is a small (~1 ) but significant increase in the error of orientation (blue line , Fig. 2c) ; however, the 3D directional variance percent error doesn't increase significantly and remains consistently below 0.06 (grey line, Fig. 2c ).
3D directional variance determines both cell and collagen alignment in tissue engineering
The 3D directional variance metric is developed to quantify any fiber-like structures. Here, we monitored simultaneously the alignment of human primary lung fibroblasts and their surrounding collagen fibers in simple engineered tissue models. We tracked such changes dynamically at 4, 10, 18 and 30 h following the seeding of cells within the collagen-based hydrogels. Representative 2D cellular TPEF or collagen SHG images are shown in Fig. 3a and b, with the cell and collagen images corresponding to the same field. Note that the SHG collagen signal is much weaker in this case than that acquired from actual tissues (see Figs. 4e6 that follow) and the fibers are not as well defined. 3D orientations are calculated ( Supplementary Fig. 1 ), and the q distribution histograms of both cells (green) and collagen fibers (purple) reveal very similar alignment levels, which gradually increase as a function of time (Fig. 3c) .
The relationship between the dispersion of the q and 4 distributions (represented by the full width at half maximum-FWHM) and the 3D directional variance is shown in Fig. 3d (fibroblasts) and e (collagen fibers), which indicate that generally a higher dispersion in q or 4 distribution leads to a higher 3D directional variance value (Fig. 3d,e) . A representative 3D image stack corresponding to the 30 h time point with overlaid TPEF and SHG signals is shown along with a representative frame in Fig. 3f . As indicated by the arrows, the SHG signal is enhanced surrounding the cell locations (Fig. 3f,  bottom) , possibly as a result of fibroblast mediated collagen contraction [31] . Consistent with the changes reported for the q distributions of the cell and collagen fibers (Fig. 3c) , as well as the dispersion of the q and 4 distributions, the 3D directional variance of both components based on the entire image stacks gradually decreases as a function of time (Fig. 3g,h ). The 3D directional variance metric is sensitive enough to identify significant The mean and standard deviation of the anticipated directional variance corresponding to each of the 5 fiber density levels (A-E, with the mean density and standard deviation indicated in the legend for each group). As can be seen from the histograms, these five groups have a consistent variance level at~0.57. (c) The mean and standard deviation for the error in our determination of the orientation angle (blue) and the percent error of the extracted 3D directional variance (grey) at different fiber density levels. The error of orientation increases significantly with an increase in fiber density. However, no significant increase is observed in the percent error of the 3D directional variance estimates as the fiber density changes from 3.6% to 6.0% (~66.7% change in fiber density). *, p < 0.05. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) alignment changes even between the 4 and 10 h time points.
Compared with the two dispersion metrics in q and 4, the 3D directional variance metric is a single quantity that depends on the contributions from both q and 4 orientations, and takes into account the fact that 0 and 180 are equivalent for fiber-like data, therefore yielding a simpler and potentially more sensitive readout.
Indeed, when we compare the dispersion in the q or 4 distributions separately, we find that some statistically significant differences in the 3D variance (for example, in collagen fiber alignment at 18 and 30 h) are not present in either one of the collagen fiber orientation dispersions ( Supplementary Fig. 2 ).
3D directional variance quantifies collagen fiber organization differences in distinct articular cartilage zones
Accurate assessment of the organization of fiber-like structures may be limited when using 2D-based analysis approaches, especially when their orientation can be parallel, perpendicular or anything in-between relative to the optical section plane. Articular cartilage is an example of biological tissue that includes collagen fibers of such distinct orientations depending on the location within the tissue. As shown in the schematic diagram (Fig. 4a) and a representative 3D image (Fig. 4b) of mouse articular cartilage, this tissue is divided into four zones: superficial, transitional, radial and calcified [32, 33] . The chondrocytes and collagen fibers are oriented parallel to the articular surface in the superficial zone, while perpendicularly to this surface in the radial zone. In the transitional zone, the chondrocytes are oriented at an angle to the surface, surrounded by territorial matrix composed of sheets of collagen fibers [32, 33] . Thus, compared to the highly aligned superficial and radial zones, we expect the transitional zone to have less regularly organized fibers. To quantify fiber orientation within articular cartilage image stacks acquired from cryosections of the knee joints of 18 week old Balb/c mice, we first rotate every 3D image such that the articular surface is horizontally aligned (Supplementary Fig. 3 ). The cryosections are parallel to the xy plane indicated by the coordinate system labeled in Fig. 4a and b, along with the corresponding q and 4 angles. We then calculate the voxel-wise orientation of collagen fibers (Supplementary Fig. 3) , and acquire orientation distribution histograms in different zones (Fig. 4cee) .
While q is peaked at 0 or 180 in the superficial zone, it is peaked at approximately 90 in the radial zone, consistent with what is shown in the schematic diagram (Fig. 4a) . In the radial zone, 4 is peaked close to 90 (Fig. 4e) , revealing that collagen sheets align parallel to the optical sections (the plane of paper in this case, as shown in Fig. 4b) , consistent with what is observed by SEM [33] .
We use a localized analysis window of 4.2 Â 4.2 Â 5.0 mm to acquire the directional variance. The segmentation of the different zones is made according to the cell alignment as assessed by the corresponding TPEF images after they have been rotated (Fig. 4f and Supplementary Fig. 3 ). Fig. 4g shows the voxel-wise 3D directional variance map, where every voxel is false-colored according to its assigned variance value, which ranges between 0 and 1. Redder hues are observed in the transitional zone compared to the superficial and radial zones, providing a qualitative means of visualizing 3D variance differences (Fig. 4g) . Quantitative 3D variance assessments are shown in Fig. 4h , which demonstrate that the mean 3D directional variance is significantly higher in the transitional zone, consistent with a less regular collagen organization, which has also been observed by magnetic resonance imaging and polarized light microscopy [34] . However, compared to these imaging modalities our assessments are quantitative and based on images of higher resolution, which are likely to be more sensitive to subtle changes in collagen organization.
The 3D directional variance of collagen fibers decreases within cancerous breast tissue when compared to normal
Collagen fiber organization has been shown to affect the microand macro-mechanical properties of tissue [35] , which in turn play a significant role in a number of mechanosensitive cellular signaling pathways, and ultimately in defining cell function. Such structure-function changes are thought to be critical for tumor initiation and progression [4,36e40] . Here, we consider 3D directional variance as a quantitative metric of collagen fiber organization in normal and cancerous mouse mammary gland tissues. Representative TPEF and SHG images are shown in Fig. 5a and b. The TPEF signal emanates from cells, blood vessels and lipid droplets, while the SHG signal originates from the collagen fibers.
3D images are acquired and reconstructed (Fig. 5c,f) , and the SHG-only 3D images are used for the calculation of 3D directional variance. Our findings show that groups of collagen fibers are "cross-hatched" in the normal tissues, while they form highly regular helical structures in the tumor specimens (as indicated by the schematic illustrations shown in Fig. 5d,g insets) , consistent with observations from breast cancers [41, 42] . The q (black) and 4 (blue) distribution histograms of these two representative frames are shown in Supplementary Fig. 4 . The q distribution of the normal tissue appears bimodal, which is evidence of the "cross-hatched" organization, while that of the mammary tumor shows a peak around 140 , consistent with a visually preferred orientation for the majority of fibers. Fig. 5e and h shows the voxel-wise 3D directional variance maps of these representative frames acquired with a localized window of 4.2 Â 4.2 Â 5.0 mm. The mean 3D variance assessed using this window is shown in Fig. 5i , illustrating the significantly lower directional variance of the malignant mammary glands. A similar trend is observed between normal and tumor breast tissues when 3D variance is assessed using using a window size of 238.1 Â 238.1 Â 80.0 mm corresponding to the entire image stacks (Fig. 5i) . Differences in the 3D variance values calculated based on the two approaches reveal organizational disparities at the two distinct length scales assessed. The presence of more highly aligned fibers within tumors is consistent with previous studies which assessed collagen organization in breast tissues [43] .
A decrease in 3D directional variance may reveal the presence of peritoneal metastases
The peritoneal cavity is a common target for metastatic lesions of gastrointestinal cancers, such as pancreatic cancer [44] . Detecting such metastatic lesions with high sensitivity is critical for proper patient staging and subsequent treatment decisions [45] . We thus compared the 3D directional variance of collagen fibers within freshly excised biopsies from healthy parietal peritoneum (Fig. 6a) and primary pancreatic neoplastic tissues (Fig. 6b) , which Besides the localized window, the directional variance is also acquired with a 238.1 Â 238.1 Â 80.0 mm window, which corresponds to the entire 3D image. Significance is tested for each window size. **, p < 0.001; *, p < 0.05. Scale bar in (a) and (b), 100 mm. Scale bar in other panels, 50 mm. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) served as surrogates of pancreatic peritoneal metastases [46] (prior knowledge of metastasis prohibits surgical intervention and consequently access to peritoneal metastatic lesions). Cellular clusters and blood vessels are often visible within the TPEF images, surrounded by collagen fibers providing the contrast in the SHG images. 3D images are reconstructed (Fig. 6c,d ) and the SHG ones are used for assessment of 3D directional variance.
Voxel-wise directional variance maps are acquired and shown for a window size of 13.5 Â 13.5 Â 14.0 mm (Fig. 6e,g , and Supplementary Videos 1 and 2). Bluer hues are observed within the directional variance map of the neoplastic tissue (Fig. 6g) compared to the healthy peritoneum (Fig. 6e) , representing a lower level of directional variance (according to the color bar). The q (black) and 4
(blue) distribution histograms of all the fibers within the representative frames are shown in Fig. 6f and h. There is one single peak of q at~35 (notice that 0 is equal to 180 ) in the tumor tissue (Fig. 6h) , in comparison to a wider, possibly bimodal distribution in healthy peritoneum (Fig. 6f) which is similar to that of the normal mammary tissue (Supplementary Fig. 4a ). When we assess the directional variance as a function of window size (Fig. 6i) , we find that with a window size equal to or greater than 13.5 Â 13.5 Â 14.0 mm, significantly lower directional variance is observed for the pancreatic neoplastic tissue than the normal parietal peritoneum. Notice that the minimum window size for 3D variance assessment required to observe significant differences between normal peritoneum and pancreatic cancers is larger than that used in the mammary gland case, indicating that the sensitivity of the local 3D directional variance metric depends on characteristics of the fibers, such as their diameter, waviness and tissue level organization, which are different from tissue to tissue [47] . The significant difference assessed by the entire window (300.0 Â 300.0 Â 74.0 mm) is consistent with the q (black) and 4 (blue) distribution histograms, as well as the visually apparent presence of more highly aligned fibers in the neoplastic tissue. It is interesting to note that both normal breast and parietal peritoneum tissues have very similar overall 3D variance values. Supplementary video related to this article can be found at http://dx.doi.org/10.1016/j.biomaterials.2016.11.041.
3D directional variance quantifies changes in axonal organization within engineered brain-like cortical tissue in response to injury
Another important fiber-like structure within human tissues is the neuronal axon. Recently, we engineered functional 3D brainlike cortical tissues [29, 48] , and we sought to assess the potential use of 3D directional variance as a quantitative metric of axonal organization alterations in response to injury within these cortical tissues. A cortical unit module consists of neuron-rich grey matterlike regions and axon-only white matter-like regions (Fig. 7a) . Controlled cortical impact (CCI) is applied to the module to cause injury [30, 49] (Fig. 7b) , and the axons are stained and imaged using TPEF. A representative 3D reconstruction with the injury pointed by the arrow is included in Fig. 7c . The analysis window with a size of 11.0 Â 11.0 Â 11.0 mm is used to acquire voxel-wise directional variance, which is then plotted as a function of distance away from the injury region (Fig. 7d) . The data for the uninjured tissues are calculated using the same location profiles as the injured tissues for direct comparisons (Fig. 7d) . The directional variance is highest right near the injury region, and gradually decreases with distance away from the injury. However, throughout the length scales assessed by the TPEF images, the directional variance of the injured samples is consistently significantly higher than that of the uninjured ones (Fig. 7d) .
Representative images of axons (Fig. 7e,f ) are shown along with the voxel-wise 3D directional variance maps within the marked regions ( Fig. 7g and h ). Generally redder hues are seen from the injured map, suggesting a higher level of directional variance (Fig. 7h) . The orientation histograms of all the fibers within the representative images reveal fairly broad q (black) distributions, with the 4 (blue) distributions exhibiting some sharper features, especially for the injured tissues (Fig. 7i,j) . A significantly higher directional variance is detected for the injured group via the localized window analysis (Fig. 7k) , consistent with the locationdependent changes we report in Fig. 7d . However, these significant differences are masked when the 3D directional variance of the axons within the entire image stacks is considered (Fig. 7k) . In addition, significant differences in axonal organization are not detected for a localized window analysis approach based on analysis of the individual 2D images using a previously reported approach [16] . These results demonstrate the enhanced sensitivity of the 3D-based analysis approach that may be highly important for some applications. In these tissues, it appears that the differences between the injured and uninjured sites are more prevalent along the 4 rather than the q orientation (Fig. 7i,j) , and this could explain the improved ability of the 3D directional variance to identify significant changes in response to injury. The accurate characterization of axonal organization in 3D could be of great interest and importance not just in the case of brain injury, but also stroke, tumors and neurodegenerative diseases [50, 51] .
Discussion
We present a method to assess the levels of true threedimensional alignment of fiber-like structures in a manner that is entirely automated, rapid, quantitative and flexible in terms of the scale at which information is provided. For example, on a desktop computer with a 3.4 GHz processor and 8 GB of RAM, the computational time for assessing the 3D directional variance of the mammary tissue stacks is 112 s using the localized window (4.2 Â 4.2 Â 5.0 mm), and only 5 s using the entire stack window (238.1 Â 238.1 Â 80.0 mm). Including the time of 102 s needed for the calculation of the voxel-wise orientation of the collagen fibers, the complete assessment of fibrillar orientation and organization can be done within 2 to 4 min. A previous comparison study between our orientation determination method and the SHG-Fourier transform based approach by Lau et al. [23] revealed that the computational time of our orientation algorithm is over 30% more efficient than the time needed to implement the Fourier-based algorithm (1 min vs. 1.5 min) in resolving the same fiber stack with exactly the same configuration of computer [26] .
In addition to speed, our approach yields a single, sensitive, quantitative metric of fiber alignment. This can be contrasted with the metrics provided by the other 3D approaches mentioned in Introduction. In Fourier-based analysis [23] , each of the discrete ROIs (typically with a size of 5 Â 5 Â 5 mm) is qualitatively designated as anisotropic if a unique orientation of the overall fibers within this ROI can be determined by the filter bank method, isotropic if there is no unique orientation, or dark if the SHG intensity is below threshold. The other approaches characterize tissues directly based on the orientation information, such as orientation distribution by polarized microscopy [22] , main orientations (the three most frequent orientations) by the inertia moments approach [24] , or mean orientation by DTI in combination with two-photon microscopy [25] . However, orientation is in reference to a coordinate system; therefore, it matters how the samples are placed for imaging and artifacts may be introduced as a result. In contrast, the directional variance metric is independent of a coordinate system. Furthermore, the sensitivity advantage of using a single metric of 3D alignment, instead of, for example, two metrics of dispersion of the azimuthal and polar angles, are highlighted in our characterization of the collagen fiber alignment changes with the lung engineered tissue models ( Fig. 3 and Supplementary Fig. 1, 2) . The potential sensitivity enhancement related to using 3D directional variance over the corresponding 2D analysis metric is evident in our analysis of the axonal organization within the traumatic brain injury (TBI) tissue model (Figs. 7k and l) , which demonstrates that significant differences are observed in the localized axon organization between the injured and uninjured engineered brain tissues, only when the 3D based variance is assessed.
The TBI tissue model is also a good example of an application in which it is important to be able to easily characterize organization at the microenvironment scale over small, localized windows that extend only a few microns in each direction. Clearly, such measurements are critical when location dependent variations are present within a sample, with the articular cartilage (Fig. 4) presenting another level of tissue heterogeneity that depends on localized measurements for its sensitive characterization. Assessment of collagen fiber organization at tumor margins would be another potential important application for this capability. The optimal window size over which the 3D directional variance is calculated to provide the most sensitive metric of alignment differences or changes depends on the size of the fibers, their tissue level organization, and the heterogeneity of the sample, as suggested by the results we achieve with the broad range of specimens we examine in this study. However, localized window-based calculations are significantly more computationally intensive, and for many applications, they may not be needed. For example, differences between normal and cancerous tissues can be reliably assessed from fast, full image stack-based assessments (Figs. 5 and  6) . Similarly, such larger scale calculations are sensitive enough to reveal significant differences in the time-dependent alignment of both cellular and collagen fiber components of relatively homogeneous engineered lung stromal tissues (Fig. 3) .
It is interesting to note that in both the breast cancer and the peritoneal metastases applications, the presence of more highly aligned collagen fibers is a feature associated with cancers. Several previous studies have demonstrated the diagnostic potential of SHG imaging for a number of cancers, as a result of its sensitivity to changes in collagen fiber organization [37,41e43,52] . Provenzano et al. identified distinct stages of growth and invasion in a breast cancer mouse model, based on the collagen fiber angle relative to the tumor boundaries extracted from 2D SHG images, with radially aligned collagen fibers indicative of the invasive and metastatic growth potential of a tumor [41, 42] . Ambekar et al. utilized 2D Fourier transform-SHG (FT-SHG) to quantify the organization of collagen fibers in human breast tissues. Similar to their 3D approach [23] , they divided each 2D image to a set of ROIs, and each of these ROIs was designated as anisotropic (if a unique orientation corresponding to the overall fibers within this ROI could be determined) or isotropic (no unique orientation). By defining the ratio of anisotropic over isotropic ROIs, they found an increased regularity in fiber orientation in malignant tissue [43] . Nadiarnykh et al. used SHG to visualize morphological changes of collagen fibers in malignant human ovarian biopsies, and further showed how several SHG signatures (such as the forward to backward SHG ratio) were correlated with sub-resolution structural changes, which collectively revealed that the diseased tissues were more highly organized than the corresponding normal ones [37] . These results together indicate that a highly aligned feature of collagen fibers might be a characteristic of several cancers, consistent with our findings. However, changes in collagen organization are likely cancer dependent. For example, Birk et al. examined human colon biopsies with SHG imaging, and the anisotropy parameter generated by the SHG intensity at orthogonal polarizations indicated that the normal tissue consists of more aligned collagen fibers than high-grade dysplasia tissues [52] . Although SHG provides the ability of 3D imaging, these previously published studies focused on collagen orientation or organization readouts based on analysis of 2D images; in contrast, the 3D directional variance provides a true three-dimensional assessment of collagen fiber organization in cancers at a scale ranging from~4 mm (with a localized window) tõ 300 mm (with a full-stack window). The outer limit for these calculations is based on the capabilities of the microscope and not the analysis technique.
The sensitivity of this metric is ultimately limited by the performance of the 3D orientation algorithm, whose accuracy is dependent on the fiber thickness and density, as previously reported [26] . Generally, the determination error of orientation increases with an increase in fiber thickness or density. Specifically, error estimates based on simulated fiber stacks, indicate that an orientation assessment window of two to three times the fiber diameter leads to optimized orientation results for straight fibers [26] . For wavy fibers, the window size to achieve the most accurate orientation readouts is more complicated to determine than for the straight ones, depending on both the fiber thickness and the curvature of the wavy structure [26] . Typically, to resolve fibers with the same thickness, the optimal window size for resolving wavy fibers is larger than that for straight ones (for example, 19 Â 19 Â 19 voxels vs. 13 Â 13 Â 13 voxels in that case), but the orientation determination accuracy decreases only slightly in the wavy cases (~1.2 increase in orientation error in that case) [26] . Note that the window used to calculate the orientation angle at each voxel is not the same as the window over which 3D variance is estimated. However, in both cases the presence of thicker and/or wavy fibers is associated with the need to use a larger assessment window to either characterize the fiber orientation more accurately or identify organization differences between tissue types. For example, the window size we used to estimate 3D orientation for the normal peritoneum and pancreatic tumor tissues was 6.5 Â 6.5 Â 6.0 mm, while that for the 3D variance calculations had to be larger than 13.5 Â 13.5 Â 14.0 mm to be sensitive to differences in organization (Fig. 6 ). The size of the windows over which 3D directional variance differences are detected in this case indicates that this metric is not as sensitive to individual fiber characteristics (e.g. straight vs. wavy) and more sensitive to microscopic, but tissue level collagen fiber organization. We also note that the 3D variance metric is even less susceptible to variations in some of the fiber/tissue characteristics than that of the 3D orientation algorithm. As shown in Fig. 2 , the 3D directional variance percent error didn't increase significantly and remained consistently below 0.06 for simulated fiber stacks with the same 3D directional variance value of~0.57, but varying fiber densities from 3.6% to 6.0%, i.e., a variation of 66.7% in fiber density. The density differences between the control and experimental groups in this study are within this range (Supplementary Table 1) , further supporting that the significant differences in 3D directional variance obtained in each application arise from the tissue level fiber organization itself.
Conclusions
In summary, the methodology reported here opens many possibilities for assessing with high sensitivity important 3D tissue organizational features of fiber-like structures through the use of 3D directional variance. The range of applications presented illustrate the versatile potential use of this metric in improving our ability to detect and quantify key tissue structural aspects in the context of tissue engineering, brain function, and diseases such as cancer. The ability of this approach to provide in an automated fashion metrics of alignment at both localized regions, that extend only a few microns, and larger tissue volumes, that occupy hundreds of microns in each direction, enhances its versatility and ease of use. The computationally efficient implementation of this metric also makes it well suited for applications that involve large data sets or can benefit from immediate feedback. The latter may be particularly relevant for in vivo diagnostic applications of twophoton microscopy [53, 54] . 
